The manufacturing of pharmaceutical dosage forms, which has traditionally been a batch-wise process, is now also transformed into a series of continuous operations. Some operations such as tabletting and milling are already performed in continuous mode, while the adaptation towards a complete continuous production line is still hampered by complex steps such as granulation and drying which are considered to be too inflexible to handle potential product change-overs. Granulation is necessary in order to achieve good flowability properties and better control of drug content uniformity. This paper reviews modelling and supporting measurement tools for the high shear wet granulation (HSWG) process, which is an important granulation technique due to the inherent benefits and the suitability of this unit operation for the desired switch to continuous mode. For gaining improved insight of the complete system, particle-level mechanisms are required to be better understood, and linked with an appropriate meso-or macro-scale model. A brief review has been provided to understand the mechanisms of the granulation process at micro or particle-level such as those involving wetting and nucleation, aggregation, breakage and consolidation. Further, population balance modelling (PBM) and the discrete element method (DEM), which are the current state-of-the-art methods for granulation modelling at micro-to meso-scale, are discussed. The DEM approach has a major role to play in future research as it bridges the gap between micro-and meso-scales. Furthermore, interesting developments in the measurement technologies are discussed with a focus towards inline measurements of the granulation process to obtain experimental data which are required for developing good models. Based on the current state of the developments, the review focuses on the twin screw granulator as a device for * Email address: ingmar.nopens@ugent.be, Tel.: +32 (0)9 264 61 96; fax: +32 (0) continuous HSWG and attempts to critically evaluate the current process. As a result, a set of open research questions are identified. These questions need to be answered in the future in order to fill the knowledge gap that currently exists both at micro-and macro-scale, and which is currently limiting the further development of the process to its full potential in pharmaceutical applications.
: Schematic diagram of industrial granulation systems operated in a continuous production line [10] .
Time Release Testing (RTRT) strategy [8] . Furthermore, ICH published a more recent and extensive guid- 2 It is generally accepted that the availability of mathematical process model(s) and suitable measurement 3 device(s) for a pharmaceutical process when successfully interlinked (i.e. performing proper model calibra-4 tion and validation), can lead to functional and robust knowledge based control of process and product 5 quality [16] . Unfortunately, many of the parameters used in HSWG models are difficult to measure in the 6 field, yet they have a substantial impact on the performance of the granulation models. Most of the gran-7 ulation modelling based analyses are often understood to be carried out under default parameter values or 8 best-guessed values. This is mainly due to either difficulties in experimental data collection or lack of suitable 9 measurement tool for the simulation model calibration and validation. it is therefore very relevant to discuss 10 potential options among available mathematical modelling practices and related measurement technologies.
Current modelling and related measurement tools for HSWG

11
Not properly calibrated and validated models later when tested result in unrealistic estimates of the impact 12 of any change in process condition. Thus, calibration and validation of simulation models are crucial steps in 13 assessing their value in granulation process modelling. Adjustments or tuning in model parameters through 14 calibration are necessary to improve the ability of granulation models to replicate process measured condi- 15 tions and properly reflect the impact of any change in it ( Figure 3 ). This section of the review comprises the 16 currently reported developments in modelling practices and related measurement tools of the batch HSWG 17 in order to illustrate the degree to which this potential has been exploited thus far. This overview then 18 allows identifying potential gaps and developing a list of unexplored possibilities for facing the challenges 19 ( Table 1) inherent to the continuous form of HSWG. 20 1 The first step in development of first-principle models for the granulation processes is to understand the 2 mechanisms of the granulation process at micro or particle-level. If the particle-level mechanisms are not 3 understood to a certain extent, an appropriate modelling of the complete system at meso-or macro-scale 4 does not have a fair chance of success. The particle-level mechanisms for some of the key processes that may 5 take place during HSWG have been reviewed by Iveson et al. [18] and respective models are summarised 6 in Table 4 . As not all particle-level mechanisms are well understood (e.g. wetting and nucleation), some 7 empirical expressions are included in the model (leading to so-called semi-empirical or "grey box" models) 8 in order to allow simulation of the granulation system. 9 Although the underlying mechanisms of the granulation process are still being investigated, especially in 10 case of TSG where such detailed knowledge is not yet established [3] , it is well motivated to model the 11 system at meso-or macro-scale such as to exploit the benefits of process system engineering (PSE) methods 12 and tools [16] . PSE tools rely on domain knowledge and mathematical and experimental techniques to build 13 computer models which relate the change at a molecular level to macro-scale system performance in order 14 to develop and optimise the system. The necessity of a multi-scale approach towards granulation process 15 optimisation, monitoring and control has been documented in detail by Cameron and Wang [19] . 16 Several approaches are adopted for macro-scale modelling of granulation processes as overviewed in ta-17 ble 5. Two main modelling approaches mostly used for HSWG processes are (1) population balance mod-18 elling (PBM); and (2) the discrete element method (DEM). The aim of both approaches is to model the 19 mechanisms (discussed in Table 4 ) and predict the resulting steady-state distribution characteristics such 20 as GSD, moisture content etc. Some hybrid approaches are discussed as well to demonstrate the benefit of 21 linking one modelling approach to another one. 22 23 A PBM provides a statistical description of a system of particles that are undergoing size change mecha- 24 nisms leading to size increase and/or reduction. They have numerous applications in the engineering sciences 25 apart from granulation, for example in the field of crystallisation, coagulation of aerosols, polymerisation, 26 and cell growth to name but a few. The balance is solved to obtain statistical properties, such as the GSD.
Mathematical modelling of HSWG
Population balance modelling
27
In a HSWG process, assuming that the aggregation depends only on particle size, where size is a continuous 28 variable, the general form of a population balance equation (PBE) for a well-mixed system is given as [20] β(x − y, y)n(x − y, t)n(y, t)dy − n(x, t) ∞ 0 β(x, y)n(y, t)dy
K break (y)ζ break (y, x − y)n(y, t)dy − K break (x)n(x, t)
Equation 2 is an integro-partial differential equation, and an analytical solution can only be found for 3 simple β(x, y) and K break (x, y) functions. However, these generally correspond to non-physical cases. Thus, 4 numerical approaches are required for more complex functions describing real-life systems.
5
Population balance model development for a continuous system 6 Granulation operations in the pharmaceutical industry are mostly performed as batch processes and 7 therefore, most modelling studies with respect to pharmaceutical granulation have focused on batch pro-8 cesses. In equation 2, there is no spatial coordinate included in the model because a well-mixed system is 9 assumed (i.e. no spatial variation). However, the modelling of a continuous system involves both internal 10 and external (spatial) coordinates, which are specified in the PBE to capture this spatial variation [22] , as 11 given in equation 3:
where, the spatial velocity in the external coordinate is defined asŻ = dz/dt. Thus, a 1-D continuous PBE particles/droplets dispersed in a fluid [24, 25] . The DEM can also be combined with the PBM when a dense 22 flow of particles is considered [26, 27] . Freireich et al. used this technique for large particles blended in a 1 dual-axis mixer in the context of coating applications [26] . The domain was separated into two compart-2 ments to represent the spray zone and the rest of the particle bed. Only layering granulation and particle 3 coating were investigated. Particle aggregation and breakage mechanisms were not considered in the study.
4
In case of HSWG, the PBM-DEM approach is most suitable. However, no such study was presented for was accounted for in simulation by a compartmental model, which was implemented in the PBM consid-7 ering particle aggregation or breakage mechanisms [28] . Each compartment was considered perfectly mixed 8 and associated with one or more specific granulation mechanisms. Although less work has been done on 9 continuous granulation for pharmaceuticals, a clear gain of knowledge has been obtained in other chemical 10 industries by adopting such continuous PBE models [29] . In specific, processes such as crystallization and
11
flocculation where the continuous operation is more well-known, PBEs are used extensively [30] [31] [32] [33] [34] .
12
Multi-dimensional Population Balance Models
13
The accurate modelling of pharmaceutical granulation processes involving a multi-component system correlates with the rate of granule growth, due to a larger availability of surface-wet granules with increased 17 liquid dosage [35, 36] . Similarly, granule porosity is an essential parameter having significant effect on 18 granule growth and breakage behaviour, deformability and strength [36] . Consequently, multi-dimensional
19
PBEs incorporating the effect of such parameters are now frequently being developed [21, [37] [38] [39] [40] [41] . A multi-
20
dimensional PBE can be formulated as:
In recent years, the number and types of multi-dimensional PBEs applied to granulation systems has consid-erably increased. However, care must be taken to model only the primary mechanisms in multi-dimensional 23 PBEs, as the model may become excessively complex and numerical errors can increase prohibitively leading 24 to inaccurate predictions. A hybrid PBE can be formulated to tackle this challenge. E.g. in an aggregation 25 only model, a two-dimensional population balance can be presented where collision is dependent only on 26 particle size but aggregation is dependent on both particle size and surface wetness (or stickiness). Similarly, 27 Biggs et al. [42] used a pseudo two-dimensional (2-D) PBM that allowed composition on a size-averaged 28 basis to be modelled and coupled to the GSD. Verkoeijen et al. [43] proposed a formulation of the multi-
29
dimensional PBE, where the particle attributes are re-cast in terms of their individual volumes of solid (s),
30
liquid (l) and gas (g). This modelling in terms of its individual volumes enables decoupling of the individual 1 mesoscopic processes (i.e., aggregation, consolidation, etc. in Table 4 ) and one can model a single rate 2 process at a time. The resulting multi-dimensional PBE is thus given as [44] :
This formulation has been used extensively due to the mutually exclusive character of the internal coordi-4 nates which substantially improves the numerical solution of the model as the rate processes with distinct 5 time constants are segregated [40, [45] [46] [47] . Beyond this, it potentially prevents lumping in any of the di-6 mensions due to the heterogeneity of the population distribution with respect to its attributes, which could 7 cause model errors [48] .
8
The increase in dimensions of PBEs causes complexities which have been listed by Pinto et al. [21] . Formu-9 lation of multi-dimensional so-called rate kernels to include the constitutive relations for the particle-level 10 rate processes is challenging. Similarly, the numerical solution of such model equations is complicated and 11 computationally expensive. Lastly, to ensure wider validity and predictive capability of these models, the 12 development of instrumentation for detailed measurements is required not only at the macroscopic level, 13 but also at the particle level, i.e. at microscopic levels.
14
Formulation of Kernels
15
Kernels contain the most important physics of the involved mechanism, and the development of multi-
16
dimensional kernels that account for the dependence of the rates on particle properties (i.e., size, liquid 17 content and porosity) requires a thorough understanding of the underlying physics. Some of the important 18 properties of theoretical, experimental and mechanistic kernels which are widely found in literature and 19 used in granulation studies involving aggregation and breakage mechanisms are discussed here to provide 20 an overview.
21
Aggregation kernels 22 The aggregation kernel is essentially a measure of how frequent and successful a binary collision of two 23 particles is. It is affected by two major factors: (1) collision probability of the specified pair of particles
24
(related to transport); (2) successful aggregation or rebounding after collision (related to short range ef-25 fects) [49] . The discrete variant of the aggregation kernel β i,j (t) among the classes i and j is defined as the 26 product of the collision frequency β i,j of the particles and the aggregation efficiency, β 0 (t) i.e.,
The first factor, β 0 (t), depends on various process parameters such as kinetic energies of particles, their 1 path and collision orientation, particle characteristics (e.g. mechanical properties and surface structure), 2 viscous dissipation between approaching particles and inter-particle forces, and granulation liquid proper-3 ties, aggregation mechanism, etc. Generally, β 0 (t) is assumed to remain constant throughout the experiment 4 and is size independent [50] . The collision frequency β i,j is a function of particle size, gas velocity, system 5 temperature, etc. Determination of the collision frequency function is a complex task in most of the models 6 and it is very difficult to determine it from experimental data. However, an alternative way of retrieving the 7 kernels based on experimental data is to solve the inverse problem [51, 52] . Braumann and Kraft studied the 8 inverse problem occurring in a multidimensional population balance model describing granulation employing 9 linear response surfaces [39] and second order response surfaces [53] . There are different collision frequency 10 functions for kernels available in the literature based on theoretical, empirical and experimental calculations 11 and observations (Table 6 ). These kernels have evolved from empirical to mechanistic and further to multi-12 dimensionality.
14
Breakage kernel 15 Evidently, the breakage functions of a PBM (eq. 2) are the breakage kernel, K break (x, y), and the proba- breakage kernels and the mechanistic breakage kernels [54] . To avoid the breakage kernel in high-shear gran-
19
ulation models, Sanders et al. [55] and Biggs et al. [42] tried to model breakage as a negative aggregation 20 rate process, by reporting a reduced aggregation rate constant. However, this approach had serious flaws,
21
as aggregation is a second order rate process and breakage is a first order rate process and will not succeed 22 without considering any physical basis [56] . Many attempts to model the breakage kernel have been made 23 over the years (Table 7) .
24
The mechanistic breakage functions which are based on physicochemical models of the breakage process 25 are usually very complicated and even hard to be approximated as simpler homogeneous functions [46, 56] . and (2) computation on a reduced model.
13
Solving the complete PBE
14
During the past few decades, a number of methods have been developed for numerical solution of PBEs.
15
Among these methods, some are used to simulate the evolution of moments, while others are used to solve 16 for the GSD explicitly. Methods available to solve for moments include various quadrature methods of 17 moments [61] [62] [63] [64] . On the other hand, to solve for GSD explicitly available methods include, methods
18
of characteristics [34, 65] , Monte Carlo techniques, [36, 66, 67] and discretised methods like, the fixed-
19
pivot (FP) method [32, 34] , the moving pivot method [33] , the lCATcell average techniquecell average 20 technique (CAT) [30, 68] , the hierarchical two-tier method [41, 69] , the two-level discretisation algorithm [21] , 21 the finite volume method (FVM), the finite element method, finite-volume high-resolution method [70, 71] 22 and most recently the Lattice-Boltzmann method [72] . most attention [36, 39, 60, 73] . In a comparison study of three numerical methodologies, i.e., direct solution
28
by discretisation, constant-number Monte Carlo (cNMC) and the direct quadrature method of moments
29
(DQMOM), to a two-component aggregation PBE with a kernel that depends both on size and composition, 30 Marshall Jr. et al. [60] showed that the cNMC method is in close agreement with the direct discrete solution 31 in all cases which assumed to provide exact solutions however being computationally very expensive. The
32
DQMOM method has been found to be highly accurate when the kernel is independent of composition.
33
When the kernel is composition dependent, accuracy of this method was found to be variable and very 1 sensitive to the details of the initial distribution.
2
Due to the inherent nature of discretised methods to preserve the properties of the distribution, extensive 3 work has been done particularly on the FP method and the CAT, which have been extended later to improve 4 the applicability with increase in number of dimensions [30, 37, 74, 75] . To compare these developments by 5 solving two-dimensional aggregation PBEs, Kumar et al. [76] found that the CAT is quite a stable scheme 6 as compared to the FP method and improves the results both for the number density and for the higher 7 moments. Thus, the formulation of the CAT can technically be extended to more than two-dimensional 8 problems but it can be computationally very expensive which is also evident by the results shown by 9 Barrasso and Ramachandran [47] .
10
The overall outcome of such comparison studies are always a compromise between prediction accuracy and 11 speed. To account for more physical parameters in PBM and apply mechanistic kernels based on a La-
12
grangian model (such as from DEM) the direct solution methods based on Eulerian coordinates are known 13 to be computationally more efficient. As such technique is not developed, discrete stochastic methods based 14 on Monte Carlo techniques still have an advantage on efficiency along with other benefits addressed earlier.
15
Reduced order multi-dimensional PBE 16 For each additional component used in the pharmaceutical formulation, a new dimension shall in principle 17 be added to the PBM. While this approach may work in theory, its increased computation time and 18 complexity limits its applicability. A practically more feasible strategy is that a high-dimensional PBM can 19 be reduced to several simpler models of lower dimension [42, 77, 78] . In a reduced order model, one or more 20 granule characteristics are lumped into the remaining distributions. For example, a two-dimensional model 21 given by
where, the granule is represented by total volume, granules of a given size have the same liquid content, as follows [42] :
Reduced order models simplify the solution of the model, but they are not exactly equivalent to the full 1 model. Hounslow et al. [77] warned against model order reduction for parameters that influence the rates, showed differences in the distribution of composition with diameter. This drawback is probably most relevant 7 since the composition is important in multi-component granulation processes with respect to pharmaceutical 8 production.
9
Rigorous calibration and validation of the PBM is key for scientific and commercial acceptance, but is 10 equally challenging due to high variation in the process output. In the modelling of granulation processes 11 discussed so far, the inverse problem is often unavoidable. Therefore, experiments have to be carried out in 12 order to identify and measure the unknown model parameters, e.g. aggregation rate constants [51] [52] [53] 73 ].
13
Such parameter estimation is normally done through fitting the model to the experimental data obtained 14 from measurement of macroscopic quantities and will be discussed in section 2.2. Once these model parame-
15
ters are validated, the model can be employed for predicting the granulation process using the system under 16 consideration. 
Discrete Element Method
18
Whilst the majority of granulation research at the meso-and macro-scales has been performed us-
19
ing PBM, the DEM approach bridges the gap between micro-and meso-scales [78] [79] [80] [81] [82] . There are two main 20 classes of discrete element methods which have been used in granulation modelling: hard-sphere methods
21
and soft-sphere methods, each with their state of development, relative advantages and drawbacks (Table 8) .
22
These approaches have been applied and reviewed by several researchers [79, [82] [83] [84] [85] , and a wide variety of Developed by Cundall and Strack [86] , soft-sphere DEM has been preferably used in granulation mod- 
The sum of applied forces includes contributions from contact forces resulting from particle-particle and high-shear dense granular systems. The associated moment is the sum of the moments of particle-particle
DEM models have some advantages over PBM in terms of ability to define complex particle-particle 9 interaction laws and to allow distribution of properties, for instance, distribution of sizes or varying material 10 properties to model a mixture of various components. Since powder characteristics and essential hydrody-11 namic parameters regarding liquid-solid interaction, particle mixing and segregation are lumped into the 12 kinetic rate constants, PBM cannot be applied for a-priori process design, unlike DEM. Moreover, DEM
13
can be used to calculate many particle-scale quantities of interest such as local concentrations and particle 14 phase stresses, as well as to examine particle-level phenomena such as segregation or aggregation, as the 15 location of the particles along with the velocity field is known throughout the simulation [79, 81] . However, 16 this all comes at a high computational cost, which is due to the small integration time-step used in DEM, model development and validation [103] . All these techniques have shown to be promising for application 31 in HSWG, and eventually they can be used to validate various conceptual models of the process. However,
32
each process analyser has its own limitations hampering its application as an accurate in-line monitoring 33 and endpoint determination tool (see table 9 ). Therefore, adaptations to the various analysers are now 34 being made to solve some of these issues. For example, in new equipment set-ups for the HSWG, the air 1 exhaust has been used to suspend the AE sensor, which eliminates the challenge of maintaining consistent 2 contact between the sensor and the vessel. This allows measurement of a variety of particle interactions 3 instead of localized contacts between the particles in the granulator [104] . Similarly, the fouling issues The visualization of experimental flows during validation studies is very challenging due to the opacity hindered by the opacity of solids. Therefore, they are used to probe the internal microstructure and particle
11
velocities within 3D systems. Nuclear magnetic resonance (NMR) has been used for validation of a long ro-
12
tating cylinder [106] and the packing of particulates has been examined using X-ray micro-tomography [107] . flow patterns in wet granulation [109] . There are still some challenges as it is difficult to obtain spatial high-
18
resolution data through PEPT and also the temporal averaging required makes tracking of the changes in 19 bulk motion during a granulation process very difficult [110] . However, such developments are very important 20 as they will aid in obtaining better process visualisation and gaining deeper process knowledge and thus 
Industrial needs and opportunities for continuous HSWG modelling and measurements
24
Despite the large amount of research that has been done on modelling and measuring the granulation 25 process, much of the work done in this area is still far from application in the pharmaceutical industry.
26
This is partly due to the fact that the granulation studies have been usually approached from either a 27 process engineering (modelling) or a pharmaceutical sciences (measurements) point of view (see figure 3 ).
28
To have more insight in an optimal granulation process both disciplines have to be integrated. An increased system. This will also help in establishing significant process understanding required in order to success- Although a stabilization period is needed to reach steady-state conditions the granules and tablets pro-5 duced during quasi-steady state operation were reported to be within specifications [111] . Key independent 6 process variables of the HSWG process using TSG include screw configuration, screw speed, temperature and the overall processability for a given formulation, i.e. the achievable dry powder blend throughput. For 10 a given screw design and screw speed, the maximum powder feed rate is defined by the rate at which the 11 torque is 80% of the manufacturer-recommended limiting torque [112] . The maximum liquid feed rate is 12 defined depending on the moisture-carrying capacity of the formulation powder blend.
13
From a process technology perspective, a TSG is often divided into different zones, e.g., feed (twin screw into the important parameters of continuous TSG. Also worth mentioning is that extrusion based devices 27 have been applied successfully in plastics and food industries for several decades, and thus a wealth of 28 relevant knowledge on modelling and measurements developed in these industries during the past years can 29 be obtained [113] . However, it is also necessary to identify fundamental differences between a twin-screw 30 extruder and TSG design in terms of other structures such as the die (where pressure is built up for shaping) 31 which is not present in TSG. 
Needs of modelling TSG
33
There are different goals for modelling TSG including improved process knowledge, screw design opti- regarding granulation mechanisms and kinetics into a coherent modelling framework.
5
Results obtained from experimental studies on TSG have indicated that the mechanisms occurring in HSWG 6 using continuous TSG are different from those in batch high shear mixers (HSM), since some of the rate pro-7 cesses given in Table 4 appear to be absent in case of HSWG using continuous TSG [3, 88, 119] . Attributed 8 to the interlinked modular structure of the screws in TSG, this prompts for substantial process under-9 standing both at particle and containing barrel (system) levels, and thus requires a multi-scale approach. in the continuous TSG. This approach has already been applied to mixing and coating equipment which 10 involved particle flow patterns having a strong influence on coating distributions [27] . Very recently, a sim-
11
ilar approach was applied by Bouffard et al. [28] to rotor based equipment where a CM was used to model The process in the granulator is perceived as a spatially one-dimensional process for simple representation, The co-rotating screws are generally operated continuously, so the focus of modelling is on steady processes 28 for process study. However, in addition to the spatial model dimensions, time may be a key factor in TSG.
29
Therefore, key granulation parameters such as granule size, moisture content, and segregation patterns which predict RTD in engineering research using TSE in similar isothermal operation. Gao et al. [122] recently reviewed RTD modelling methods including the investigations focused on the co-rotating twin-screw extru-1 sion devices. The application of DEM or CFD simulation provides particle tracking information which can 2 be used to derive the RTD. However, computational data should be validated with experiments before the 3 simulated RTD profile can be applied in practice with confidence [123, 124] . 4 Thus, the possibilities of the modelling approaches are numerous and can be summarized as: (1) 
Tools for measurement of state variables
24
There has been a significant development in the measurement techniques for end-point determination 25 parameters as discussed previously (section 2.2). While, many of these currently measured variables are 26 applicable to various modelling approaches as given in Table 9 , more analytical methods are needed to 27 measure other internal process characteristics (e.g., degree of mixing, moisture content, shear). The devel- mentioned in Figure 6 are required to be measured in-line throughout the granulator barrel. However, it is 1 important to note that these measurements are only required in the stage of knowledge development and 2 later on these measurements are not really required as with mechanistic understanding maybe correlations 3 between them and more easily measureable variables can be obtained.
4
In the current measurement practices there are two general methods applied, those in which material 5 is withdrawn for analysis, and the other in which material remains in the process and the observation is taken from a free surface or from material next to a wall which is transparent [125] . Free surface sampling 7 are only easy in processes containing air and operating close to atmospheric conditions which is not the 8 case in granulation using TSG. Being an opaque multiphase system, several crucial process parameters 9 in TSG such as mixing and filling degree of the barrel which cannot be easily measured and monitored 10 during the granulation are correlated with the mechanical power consumption and in-line dynamic torque 11 of the TSG [126] . However, the real world is 3-dimensional and 0-dimensional measurements such as a 12 torque measurement generally relate to the entire screw, making such measurements not suitable to provide 13 local information. In the plastic and food industries where TSE has been used extensively, such studies 14 have been performed by having small windows in the side of a metal barrel or by using a transparent 15 barrel in combination with probes such as Laser Doppler Anemometers [127, 128] . The other approach 16 consists of flow visualization in a barrel using radioactive particle tracking methods such as PEPT, or 17 imaging techniques such as PIV [129] . The obtained velocity profile in TSG has further been utilized to 18 construct RTD profiles [88] and study the effect of a change in viscosity of the granulation liquid [130] .
19
Several techniques, which are being used in other areas of research, also facing the challenge of opaque 20 multiphase systems need to be investigated. For instance, magnetic resonance imaging (MRI) is capable 21 of examining various systems and processes non-invasively and non-destructively to provide temporal and 22 spatial information through concentration mapping in a TSG [131] .
23
In recent years, considerable attention has been paid to the development of several rapid and non- pharmaceutical industry which facilitates validation [133] . Nevertheless, it has been shown that a number of 7 chemometric methods can effectively be used to extract relevant information; their application needs more 8 investigation before introduction for field application. With the development of models of the underlying 9 processes in TSG, preferably a model involving in-depth knowledge of the underlying physical phenomena 10 of the process, prospects for application of soft sensors will improve.
11
The possibilities of the measurement approaches can be summarized as: (1) 
Conclusions and perspectives
21
This study provides a critical analysis of the current state of modelling and measurement practices 
28
• A systematic framework and scientific approach is necessary to utilise efficiently the opportunity 29 provided by the regulators to increasingly rely on the science-and risk-based holistic development of 30 processes and products for commercialisation.
31
• First-principles and data-driven modelling approaches have great joint prospects and can play an 32 important role in process design, optimisation and control of critical quality parameters in pharma-33 ceutical granulation, but they require a high degree of reliability and development to achieve the target 1 of simulating and investigating real-time control of quality for unit operations such as granulation.
2
• The available modelling methods show performance limitations as the dimensions of the model increase.
3
This has motivated the need to develop more reliable and computationally efficient numerical methods 4 to provide solutions which can be applied for online model based control.
5
• Furthermore, rigorous calibration and validation is required for the granulation models to more accu-6 rately represent field measured granulation conditions.
7
The future requirements and developments in modelling and measurement methodologies for implementation providing local information.
13
• A single simple model cannot predict the complex granulation behaviour with shifting granulation 14 regimes. Therefore, different parts of the granulation process should be described by different mecha-
15
nistically based structural models.
16
• Although simulation substantially increases the understanding of the processes involved, not all process 17 steps of the TSG can be modelled due to the high computational burden.
18
• The main challenge in the area of TSG exists in the development of new measurement techniques,
19
which are able to measure the fundamental granule properties, preferably in situ.
20
• Following extensive research conducted on software sensor technology in the last few years, also in other 21 related fields facing the challenge of opaque multiphase system, it becomes more and more attractive 22 for the industry to use software sensors in real applications.
23
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search Fund Ghent University) is gratefully acknowledged. GrowthAggregation -Successful collision of two particles that result in one larger aggregated particle
-When dealing with systems that exhibit aggregation, it is more convenient to use particle volume rather than particle size, since volume is conserved
β(x − y, y)n(x − y, t)n(y, t)dy -The success of collisions i.e. aggregation can be a function of particle size, liquid content and powder properties and operational factors such as bed height, powder velocity and shear.
GrowthLayering -Picking up of smaller particles from the feed onto the surface of larger granules. It is often induced by a rolling action.
-It is more convenient to use particle size as the internal coordinate when describing layering or growth.
Breakage -Breakage in granulation is a significant issue, being more important in high shear devices.
-The complexity of breakage models extends from binary breakage models to full particle distributions represented by breakage and selection functions or empirical models. [136] 5. PBM with Computational fluid dynamics (CFD) Mechanistic approach; can be used for development of simplified models Not suitable for dense particle system; ignores particle-particle interaction [137] 6. PBM with Compartmental model (CM) and DEM Improved accuracy of the population balance model when the particle flow is an important parameter Number of particles is low while stochastic solution methods of PBM are adopted to avoid computational limitations [28] [141] where β 0 and β 1 are constants and t switch is the time required to reach the final equilibrium size distribution of the first non-inertial stage of granulation. Cut-off kernel
a AE , b AE , β 0 are constants and w * is the critical granule volume. EKE kernel (Equipartition of Kinetic Energy-kernel)
[143] physically based kernel [144] where, f (Φ, t) is the discrete probability density function. Kernel based on the different aggregation mechanisms
for type I and type II coalescence with no permanent deformation β 2 : for type II coalescence with permanent deformation 0 : for rebound [145] Multidimensional kernel
where c x and c x represent the volume percentage of binding agent in the agglomerates x and x respectively, and α M and δ M are fitted parameters. Mechanistic kernel
[40] where, q li is the volume of liquid in class i, q l * i ; the volume of liquid in the voids in class i, and v i refers to the volume of a single particle in class i. 
where G is the shear rate, D is the particle diameter, and P 1 and P 2 are adjustable parameters. Product and sum-type : [148, 149] where B is the beta function, v(y) = v(≥ 2) is the number of fragments per breakage event and q > 0 is the parameter of the kernel. Erosion-type kernels:
with ε 2 << 1.
[150]
Sum of the powers-type kernel:
where k i ∈ (−2, ∞). The coefficients c i must be such as to conserve the total mass, that is n i=1 ci ki+2 = 1 Discrete homogeneous kernels
Mechanistic breakage kernel [46] where F is the particle density, W A is the total wall surface area, SA is the surface area of an individual particle, IA is the impeller surface area and N a is Avogadro's constant, z aupper are the upper limits of the finite volumes in each of the dimensions. Continued on next page PBM [40] Continued on next page # At-line: measurements where the sample is removed, isolated from, and analysed in close proximity to the process stream. On-line: measurements where the sample is diverted from the manufacturing process, and may be returned to the process stream. In-line: measurements (invasive or non-invasive) where the sample is not removed from the process stream [4] . † Missing citation indicate that authors could not find suitable calibration/ validation studies.
Continued on next page
